The past several years have witnessed a revival of interest in cancer immunology and immunotherapy owing to striking immunologic and clinical responses to immune-directed anticancer therapies and leading to the selection of "Cancer Immunotherapy" as the 2013 Breakthrough of the Year by Science. But statistical challenges exist at all phases of clinical development. In phase III trials of immunotherapies, survival curves have been shown to demonstrate delayed clinical effects, as well as long-term survival. These unique survival kinetics could lead to loss of statistical power and prolongation of study duration. Statistical assumptions that form the foundations for conventional statistical inference in the design and analysis of phase III trials, such as exponential survival and proportional hazards, require careful considerations. In this article, we describe how the unique characteristics of patient response to cancer immunotherapies will impact our strategies on statistical design and analysis in late-stage drug development.
Introduction
The past several years have witnessed a revival of interest in cancer immunology and immunotherapy owing to striking immunologic and clinical responses to immune-directed anticancer therapies (1, 2) . Some of the most promising therapies include checkpoint inhibitors, which block signaling pathways, cancer vaccines, and adoptive T-cell strategies that exploit chimeric antigen receptor (CAR)-engineered T cells. The immune checkpoint inhibitors have demonstrated the greatest success to date. Cytotoxic T lymphocyte-associated antigen 4 (CTLA-4), also known as CD152, blockade was shown to increase antitumor immunity in mice in selected tumor systems (3, 4) , which facilitated the clinical development of anti-CTLA-4 inhibitors. Ipilimumab, a fully human immunoglobulin G1 (IgG1) monoclonal antibody targeting CTLA-4, was approved by the FDA in 2011 for the treatment of patients with previously treated and untreated unresectable metastatic melanoma based on significant improvement in overall survival (OS) in two randomized phase III clinical trials (5, 6) . During the same time period, Sipuleucel-T, a type of therapeutic cancer vaccine and an autologous cellular immunotherapy, also demonstrated efficacy and was approved for treatment in metastatic hormone-refractory prostate cancer (7) .
The clinical success of anti-CTLA-4 blockade and the subsequent identification of other candidate checkpoints signaled a new era of cancer immunotherapy research (8) (9) (10) . The hallmark success of anti-CTLA-4 blockade along with promising early clinical results of checkpoint inhibitors, such as programmed death-1 (PD-1; refs. 11, 12) and the PD-1 ligand, PD-L1 (13) , led to the selection of "Cancer Immunotherapy" as the 2013 Breakthrough of the Year by Science (14) . Nivolumab, a fully human IgG4 (Immunoglobulin G subclass 4) monoclonal antibody to PD-1, showed promising efficacy in multiple tumor types (15) (16) (17) (18) . The significant survival benefit led to decisions by data monitoring committees to discontinue ahead of schedule four randomized phase III nivolumab clinical trials in metastatic melanoma (19) , squamous and nonsquamous non-small cell lung cancer (NSCLC; refs. 20, 21) , as well as renal cell carcinoma (22) . Pembrolizumab, a humanized IgG4 PD-1-blocking antibody, also has promising efficacy in melanoma (23, 24) and NSCLC (25) . Both nivolumab and pembrolizumab were approved for metastatic melanoma and NSCLC, with a specific indication for pembrolizumab for treatment of NSCLC in patients whose tumors show PD-L1 expression. In addition, this class of agents shows evidence of efficacy in other tumor types, such as hematologic malignancies (26) and metastatic bladder cancer (27) . A new wave of studies is now under way to evaluate various combinations of checkpoint inhibitors. Complementary activity has been shown in both previously treated and untreated metastatic melanoma patients for the combination of two immune checkpoint inhibitors, ipilimumab and nivolumab (28, 29) , which led to the approval of this combination to treat patients with BRAF V600 wild-type unresectable or metastatic melanoma.
The field of adoptive T-cell therapies is also advancing at a rapid pace. In the past few years, durable responses have been observed in early phase trials of adoptive T-cell therapies that exploit chimeric antigen receptor (CAR)-engineered T cells directed to malignant B cells in chronic and acute leukemia (30, 31) . The adoptive transfer of tumor-infiltrating lymphocytes (32, 33) , as well as several immune costimulatory agents targeting CD137 and CD40, also shows promising activity and will serve as potential candidates in combination with other immunotherapies (34, 35) .
The advancement of cancer immunology does not come without challenges. The knowledge we have accumulated in this field clearly indicates the need for customized clinical trial designs. Late-stage clinical trials with time-to-event endpoints, such as OS or progression-free survival (PFS), are usually designed with a set of assumptions that reflects the "survival kinetics" of the treatments under investigation (36) . The most commonly adopted assumptions include exponential survival and proportional hazards. Exponential distribution is a reasonable statistical model for time-to-event endpoints in the trial design. It implies that the probability of the event of interest decays at a rate (i.e., hazard rate), which remains the same during the observation period, and all individuals will eventually become events. The treatment difference between time-to-event curves is assumed to remain constant and is quantified by the ratio of the hazard rates (i.e., HR). Once the magnitude of the treatment difference that is clinically meaningful and worth detecting is defined, the clinical trial is designed to obtain the number of events required based on these assumptions, along with accrual information and the control of desired false-positive rate (i.e., type I error rate) and falsenegative rate (i.e., type II error rate). Due to the size and duration of a randomized phase III clinical trial, interim analyses are usually implemented to ensure that trial participants are not exposed to an unsafe or ineffective treatment. These interim analyses offer the opportunities to either terminate the studies early for unexpected large treatment effects or lack of efficacy that suggests a positive result would be extremely unlikely when the study is complete (i.e., futility; refs. [37] [38] [39] [40] .
It is now well understood that chemotherapy and immunotherapy do not share the same survival kinetics. Patients treated with chemotherapy show early antitumor effects. When compared with a control arm, improved OS or PFS for the experimental arm is demonstrated by an early separation between the survival curves. In contrast with chemotherapy's immediate and direct cytotoxic effect on a tumor, immunotherapy stimulates the patient's immune system to mount an antitumor response. The time needed to mount this response inserts the delay in clinical effect observed consistently across many trials. Conventional statistical approaches to trial design and statistical analysis are being re-evaluated in the setting of immunotherapy due to the differences in these key attributes (41) . The focus of this article is to examine the impact of these unique characteristics of cancer immunotherapies on statistical trial design and the methods used to analyze late-stage randomized phase III clinical trials.
Unique Characteristics Exhibited by Cancer Immunotherapy
Historically, the development of cancer agents has progressed from the early-phase studies assessing safety to later-phase studies evaluating efficacy (42) . These cancer agents are usually classified by their mechanisms of action as either cytotoxic or cytostatic. The key attributes exhibited by conventional cytotoxic agents include rapid antitumor activity and undesired side effects caused by the lack of selectivity between normal and cancerous cells. On the other hand, cytostatic agents often show minimal or less severe toxicity while inhibiting or suppressing cellular growth and division, with little or no tumor shrinkage. Although the selection of development strategies and endpoints may vary depending on the mechanisms of action, the statistical framework for clinical development largely stays intact. In particular, for late-stage randomized phase III clinical trials, a constant HR is usually assumed to characterize the treatment effect.
When ipilimumab was in clinical development for metastatic melanoma, an observation made in one of the randomized phase II clinical trials led the clinical trial researchers to challenge the status quo of the study designs for cancer immunotherapy. In this phase II dose-ranging study (43) , patients with previously treated melanoma were randomized to receive 0.3 mg/kg, 3 mg/kg, or 10 mg/kg of ipilimumab. At the time of final analysis, the study showed that the best overall response rate (BORR) only ranged from 0% to 11% between the three arms. However, the OS demonstrated two important phenomena rarely observed in previous cancer trials, that is, an 8-month delayed clinical effect and dose-response effect on long-term survival. This observation resulted in the change of primary endpoint from BORR to OS in the pivotal metastatic melanoma phase III study (5) before the study had been unblinded. The final analysis of the study confirmed the unique survival kinetics with a 4-month delay and long-term survival of approximately 20%.
The overlapping of the survival curves in the first 4 months indicated a delay of clinical effects for the treatment arms that included ipilimumab as a single agent or in combination with gp100 ( Fig. 1 ). The delayed separation in survival curves clearly implied that the probability of survival did not decay at a constant rate between treatment arms, so the assumption of proportional hazards was likely violated. These key attributes also existed in other time-to-event endpoints. Postow and colleagues (29) reported on a trial that compared ipilimumab as a single agent with ipilimumab combined with nivolumab for newly diagnosed advanced melanoma. A delay in clinical effect of 3 months in PFS was observed for the combination arm. And in a study that compared PFS for ipilimumab versus nivolumab versus ipilimumab plus nivolumab, the PFS curves for all three arms overlapped during the first 3 months (28) .
Durable responses and long-term survivors have been noted for ipilimumab (44) , the checkpoint inhibitor with the most mature long-term data. A milestone survival analysis of treatment-na€ ve advanced melanoma demonstrated a 5-year survival rate of 18% (95% confidence interval, 13.6-23.4%) for patients treated with ipilimumab plus dacarbazine (45) . A pooled OS analysis comprised of 1,861 melanoma patients from 10 prospective, and two retrospective studies showed that the OS curve began to plateau at 3 years with a 22% survival rate, with follow-up of up to 10 years in some patients (46) . Similar phenomena were also observed in recurrence-free survival and led to the approval of ipilimumab for patients with stage III melanoma who were at high risk of recurrence following complete surgical resection (47) .
As our experience with checkpoint blockade inhibitors and other immunologic approaches such as adoptive T cells and vaccines matures, it is becoming evident that conventional statistical approaches to trial design and statistical analysis must be questioned and new methods must be tailored to fit the features of cancer immunotherapy. The following sections of this article describe in greater detail how the unusual characteristics of cancer immunotherapies affect our strategies for statistical design and analysis.
Impact of Survival Kinetics on Study Design
The long-term survival and delayed clinical effect observed in multiple cancer immunotherapy phase III clinical trials with timeto-event endpoints (5, 6, (15) (16) (17) (18) (19) (20) (21) (22) (23) (24) (25) pose unique statistical challenges in study design. Four basic models summarize how the long-term survival and delayed clinical effects affect the study design with time-to-event endpoints (41) . We briefly summarize these four models below.
Proportional Hazards Model (PHM): Conventionally, studies with time-to-event endpoints are designed with an exponential distribution assumption in which we assume a constant hazard rate for each group. This implies that we assume anything that affects the hazards does so by the same ratio during the observation period (i.e., proportional hazards), and the relative clinical effect of the experimental group over the control group is observed from the beginning. In addition, all patients enrolled in the study are subject to the event of interest; therefore, the survival curves will eventually drop down to zero survival probability ( Fig. 2A) .
Proportional Hazards Cure Rate Model (PHCRM): When a proportion of patients are expected to remain alive or free of disease even after long follow-ups, the entire population is assumed to consist of patients who are either susceptible or nonsusceptible to the event of interest. PHCRM assumes proportional hazards between two treatment groups among susceptible patients, while the long-term survival rates are also assumed proportional between two groups among nonsusceptible patients, such that the risk ratio of the entire population is consistent within each of these two subpopulations. (Fig. 2B) .
Nonproportional Hazards Model (NPHM): Nonproportional hazards imply the HR changes over time during the observation period. The simplest NPHM is under the piecewise exponential distribution assumption with two intervals, in which the HR within each interval remains constant. A special case of NPHM is the PHM when hazards in both groups remain constant and the HRs are identical in both intervals (Fig. 2C) .
Nonproportional Hazards Cure Rate Model (NPHCRM): Both long-term survival and delayed clinical effect are incorporated in the NPHCRM (Fig. 2D) .
The impact of the survival kinetics introduced by cancer immunotherapy has been simulated in a hypothetical two-arm randomized phase III study with 3-month delay in clinical effect and a 10% long-term survival rate in the control arm (41) . If the separation in the Kaplan-Meier curves was not accounted for in the study design or it occurred at a later time, the study would lose power, whereas the length of the trial would increase with more long-term survivors. We adopted the same randomized clinical trial design used in the simulation study (41) to illustrate how different magnitudes of delayed clinical and long-term survival effects would impact the statistical power and study duration. The study was designed based on the conventional exponential distribution assumption (i.e., the PHM), with 1:1 randomization ratio. A total of 512 events were required to detect an HR of 0.75 between two treatment arms in a log-rank test, with an experiment-wise two-sided type I error rate of 5% and power of 90%. The accrual duration for 680 randomized patients was assumed to be 34 months, which translated to a monthly accrual of 20 patients. The study duration was estimated to be approximately 48 months after the first patient was randomized. Note that the proportional long-term survival rates were implemented in order to maintain the risk ratio at 0.75 so the impact on the trial duration could be independently assessed without inducing the loss of statistical power simultaneously. When a study is designed assuming exponential survival, it is assumed that all patients are susceptible to the event of interest during the course of the study. A mixture of patients who are susceptible and nonsusceptible (long-term survivors) to the event of interest would lead to the prolongation of the study duration because the events could only be observed in the subset of the susceptible population. The aforementioned design implied that 75% (512 of 680) of all randomized patients were expected to become events. If the long-term survival rate of the entire study exceeded 25% of the study population, then the study would not be completed with the prespecified number of events within a reasonable monitoring time window. The total trial duration lengthened from 3 months to as long as 16 months under PHCRM when the proportion of long-term survival survivors in the control group increased from 5% to 15% (Fig. 3A) . Note that the total study duration decreased slightly with an increasing length of delayed clinical effect for a given control arm long-term survival effect. This was due to the higher number of events observed in the treatment arm prior to the separation of the curves. Consequently, this led to shorter trial duration in studies designed with time-to-event endpoints (i.e., event-driven studies).
On the other hand, the presence of delayed clinical effect would lead to a prolongation of the trial duration. When the treatment effects were assumed to be identical during delay (i.e., HR ¼ 1), as shown in Fig. 3B (black curve), the statistical power decreased from 90% (PHM) per study design (red diamonds in Fig. 3 ) to less than 40%, with the delay of the clinical effect increasing from 0 to 8 months, when the post-delay separation HR was fixed at 0.75. Note that the HR post-delay separation also affected the statistical power. The statistical power would improve or worsen depending on the magnitude of the observed treatment effect post separation relative to what had been defined in the study design. When the HR improved from 0.75 to 0.70, the statistical power increased to the range of 53% to 98% (Fig. 3B, blue curve) . With an HR of 0.80 post-delay separation, the statistical power fell into the range of 25% and 71% (Fig. 3B, orange curve) . The consequences of discounting these unique survival kinetics in study design were examined (48) for a multicenter, randomized, double-blind twoarm phase III study conducted in patients with treatment-na€ ve stage III or IV melanoma receiving ipilimumab plus dacarbazine versus placebo plus dacarbazine (6) . The trial duration was prolonged for an additional 2 years due to decreased hazards in the second half of the study.
Another important aspect of the study design due to the presence of delayed clinical effect concerns the necessity and the timing of interim analyses. Due to the life-threatening nature of certain diseases, such as cancer, interim analyses have become a staple in the majority of randomized phase III clinical trials, with the possibility of terminating the trial early due to either unexpectedly large treatment effects, lack of treatment effect, or excessive toxicity. However, the inclusion of interim analyses needs careful considerations, because they may lead to an unnecessary waste of resources and false conclusions. This is crucial in studies with cancer immunotherapy in which the delayed clinical effect is expected. If the interim analyses are placed at times when the true treatment effect has not been demonstrated, they are likely to lead to false-negative conclusions. The study design example provided earlier indicates that a 4-fold decrease in true-positive rate (i.e., statistical power) and an 8-fold increase in false-negative rate (i.e., type II error rate) would be seen at the interim analysis with 50% information fraction if the delayed clinical effect was not considered in the study design (41).
Conclusions and Future Directions
The recent introduction of cancer immunotherapies has heralded an era of significant change in the treatment of cancers. The indirect mechanisms of action of cancer immunotherapy stimulate the patient's own immune system to fight against cancers by targeting antigens expressed on cancer cells and kick-starting antitumor effects. Some of the approaches used in cancer immunotherapy, e.g., immune checkpoint inhibitors, hold the promise of long-term survival, but with more delayed clinical effects. The introduction of these new therapies warrants a re-examination of the appropriate methodology for study design.
Statistical models used in study designs typically assume that everybody in the study population is susceptible to the event of interest and will eventually become an event. The emerging evidence and increasing knowledge of new therapies have led clinical trial researchers to challenge the status quo of study designs in cancer research. Due to the different mechanisms of action induced by immunotherapy compared with more conventional chemotherapies or targeted therapies, these newly introduced immuno-oncologic agents have delayed clinical benefit. This is reflected in the delayed separation of Kaplan-Meier curves in event-driven studies. In addition, a proportion of patients may sustain remission and do not require therapy within a reasonable monitoring time window. Failure to account for these phenomena in the study design could lead to the erroneous discarding of The presence of delayed clinical effect and long-term survival would lead to a loss of statistical power and prolongation of trial duration. The red diamonds in both panels represent the study design with no delayed clinical effect and 90% power when HR ¼ 0.75 and median OS for the control arm ¼ 12 months. The trial duration was estimated to be 48 months. A, under the PHCRM, the prolongation of the trial duration ranged from 3 months to 16 months when the proportion of long-term survivors (LTS) in the control group increased from 5% to 15%, with the numbers in the parentheses representing the proportions of LTS for the entire study. The slight decrease in trial duration was caused by the increasing number of events in the experimental group during the delay. B, when HR after separation remained at 0.75, the statistical power decreased from 90% to 38% with corresponding increase in duration of delayed clinical effect from 0 to 8 months. An observed relative treatment difference of HR ¼ 0.7 would lead to an absolute increase in statistical power of 8% to 15% (blue dashed curve) for various durations of delayed clinical effect. A worse observed treatment effect of HR ¼ 0.8 is shown as a green dashed curve with statistical power ranging from 25% to 71%.
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Cancer Immunology Researchnew therapies that could potentially benefit patients. It is crucial to tailor study designs to the characteristics exhibited by cancer immunotherapy. The impact on statistical power and trial duration in the presence of various combinations of long-term survival and delayed clinical effects needs thorough discussion when a study is designed based on the conventional assumption of exponential distribution. In the clinical trial example described here, we have observed an increase of as much as 16 months in the trial duration with 20% long-term survivors in the entire study. Furthermore, the delayed clinical effect led to a 45% to 50% absolute loss of statistical power as the duration of delay lengthened to 8 months. Some of the design scenarios that were not considered here included those with nonproportional long-term survival rates. If a PHCM study was designed and long-term survival was only observed in the experimental arm, this design would yield an overpowered study. On the other hand, if the long-term survival existed in the control group only, or the magnitude of the proportional long-term survival was weaker than that of the proportional hazards in the susceptible population, the study would be underpowered. Although the example assumed there was no treatment difference (i.e., HR ¼ 1) prior to separation, relative treatment effect of other magnitudes could be implemented in the study design as well.
Therefore, the nonproportional hazards assumption needs to be considered in the sizing of the study to reduce the risk of falsenegative conclusions when a delayed clinical effect is expected. If a proportion of long-term survivors are expected, sufficient patients need to be randomized to ensure the total number of events is reachable. In the meantime, the sample size also needs to be small enough to ensure sufficient follow-up to capture the long-term survival benefit. The timing of the superiority or futility interim analysis also requires careful consideration in order to control the true-positive rate and false-negative rate, respectively. A delicate balance between the study assumptions, the sample size, the trial duration, and timing of the interim analysis, when applicable, becomes essential in the success of clinical cancer research. Even if these unique survival kinetics are built into the study design, it is recommended that a given trial design be evaluated with a spectrum of duration of delays and long-term survival effects in order to quantify the potential risk of misspecifying the magnitudes of these attributes.
Alternative clinical endpoints for cancer immunotherapy in late-stage drug development should also be considered in order to mitigate the challenge of accelerating the drug development process when the impact of cancer immunotherapy is derived from long-term follow-ups. Clinical endpoints, such as milestone survival, immune-related response, (immune-related) PFS, disease control rate, tumor growth rate, or quality of life, warrant a closer investigation in the clinical benefit assessment of cancer immunotherapy. Among these potential surrogate endpoints, milestone survival is also a survival endpoint but with crosssectional assessment at a prespecified time point (48) . The longterm survival phenomenon can be directly evaluated by comparing the milestone survival rates at given time points, such as 1-year or 2-year milestone OS rates, provided the minimum follow-up duration is sufficiently long to allow robust estimation of the milestone survival rates. Milestone survival can also serve as an intermediate endpoint in a study designed with OS as the primary endpoint.
When the unique survival kinetics, such as long-term survival or delayed clinical effect are present, statistical methods, such as weighted log-rank test (49) and milestone survival (48) , are potentially more powerful than the most commonly used approaches for time-to-event analyses, such as nonparametric log-rank test and Cox regression analysis. In the setting of a mixture of patients, those who are cured and those who are not cured, one would need to consider a model tailored to this setting, such as mixture cure rate models (41, 50) . Previous research has also provided a rich body of literature of statistical methodology that can be utilized to account for nonproportional hazards and/or long-term survival in the study design and analysis (51) (52) (53) (54) (55) .
Recent advances in the understanding of tumor immunology have led to the development of new cancer immunotherapies. As new information emerges from ongoing clinical studies, it should be continuously incorporated into study designs and analyses in order to optimize the drug development process.
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